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In order to monitor the thermal status of a blast furnace stave, an intelligent simulation
technique is developed. The intelligent simulation model is built using a combined model
based on the mathematical model of heat transfer and the technique of artiﬁcial intelli-
gence. The intelligent simulation model of blast furnace cast steel stave is based on correc-
tion factor of parameters obtained by training the samples of test data of the cast steel
cooling stave. Simulating currently existing blast furnace stave situation which is only a
monitoring point on the stave and the velocity and temperature of cooling water are difﬁ-
cult to real-time be detected, the experimental veriﬁcation of the model is done. The
results show that the data of intelligent simulation model is nearly consistent with that
of experiment. The model of high accuracy can on-line predict the thermal status of blast
furnace stave.
 2009 Elsevier Inc. All rights reserved.1. Introduction
Generally speaking, a mathematical model of the performance, the structural parameter and the non-structural
parameter of the cooling stave, which is created through heat transfer science, must be built for the numerical simula-
tion of the temperature ﬁeld of a blast furnace stave [1–7]. However, the operating conditions of blast furnace cooling
stave is very complex, e.g. the temperature of furnace gas is constantly changing, the thickness of furnace lining and slag
is not constant, and the operating characteristics of the stave are difﬁcult to describe because of the production of water
scale during middle and later period. Thus, it is difﬁcult to establish a simulation model to ﬁt different working condi-
tions. This problem has become a prime obstacle to the development of simulation technique of the blast furnace stave
system.
In view of the above-mentioned situation, the authors try to introduce the artiﬁcial neural network theory from the mod-
ern artiﬁcial intelligent technology into the intelligent simulation of blast furnace cooling stave, thus giving the simulation
software a kind of intelligence when it perceives and simulates the complex practical object. The intelligent monitoring
methodology of blast furnace stave based on the mathematical model of heat transfer is to combine the extracted simple
mathematical formula from the complex heat transfer model with the artiﬁcial neural network which is good at handling
complex problems. This method is a more powerful and maneuverable simulation technique and is the ﬁrst attempt to intro-
duce the model combining heat transfer with artiﬁcial intelligence into the research of intelligent monitoring of blast furnace
cooling stave.. All rights reserved.
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The intelligent simulation method for blast furnace cooling stave is to combine the traditional heat transfer simulation
with the modern artiﬁcial intelligent technology. The main reason to research on the intelligent simulation method of blast
furnace stave is that the heat transfer simulation does not have the functions such as self-study, self-adapting and self-orga-
nization. The math tool of intelligent simulation is quite different from that of the classical heat transfer simulation method.
Heat transfer simulation theory is based on numerical heat transfer analyses, while artiﬁcial intelligence uses the math tools
such as symbolic inference and ﬁrst order predicate logic. The studying tool of the intelligent simulation method of blast
furnace stave is a combination of the above two aspects [8,9].
The mid to late 1980s witnessed the rapid development of artiﬁcial neural network (ANN) as an international frontier
research ﬁeld. In recent years, the artiﬁcial neural network theory has been applied to nearly every ﬁeld of research. How-
ever, many researchers apply artiﬁcial intelligence technology to the study object directly, rather than explore the intrinsic
essence of the object. Such applications may not be suitable for all problems. As we know, the neural network theory
achieves the complex functional relation through many simple relationships. It is a non-linear dynamic system essentially
and does not depend on the model. The formation of ANN requires constant learning and adjustment. It is difﬁcult for the
pure ANN to analyze the internal characteristics of the object, because it only reﬂects the external behavior of the object.
Artiﬁcial neural network technology is still under development. Although it has overcome the weakness of the classical
heat transfer simulation which is complex and difﬁcult to use on-site, its performance cannot fully achieve the same effect of
the existing classical simulation in a short period. Therefore, the combination of the intelligent simulation and classical heat
transfer simulation is an ideal way of using the strengths of both methods [10].3. The research on the model-based intelligent simulation methodology for the heat transfer of blast furnace cooling
stave
The heat transfer status of cooling stave is very complex when the blast furnace is working. The temperature of the blast
furnace gas changes constantly, the water scale is produced on the water pipe, the thickness of furnace lining and brick is
difﬁcult to describe quantitatively, and the caking and abscission thickness of the slag is difﬁcult to measure as well. There-
fore, it is very difﬁcult to calculate the highest temperature of the stave hot surface and to on-line monitor the state of blast
furnace cooling stave in an accurate and universal manner. So the author has combined the mathematical model of heat
transfer with the artiﬁcial intelligence. The mathematical model of heat transfer is used to ensure the correctness and uni-
versality of the quantitative calculation, and some inenarrable segments are replaced with the neural network as shown in
Fig. 1.
This heat transfer model of blast furnace cooling stave which is combined with artiﬁcial neural network can be divided
into two parts. The ﬁrst part which is called basic model reﬂects the basic mechanism of heat transfer. Two comparisons will
be made by the basic model: one is the relationship among the highest temperature of hot surface that was previously cal-
culated by the 3-D model, the partial parameter of blast furnace cooling stave and the temperature of a measuring point. The
other is the result of one-dimensional heat transfer calculation of blast furnace cooling stave. The second part is artiﬁcial
neural network which is used to adaptively ﬁll the gap between basic model and experimental data. The basic model will
guarantee the universality, and an appropriate simpliﬁed regression relational expression can be used to make the calcula-
tion easier. The artiﬁcial neural network can improve the degree of agreement between the model and practical physical pro-
cess by studying the experimental data.3.1. The form of the basic mathematical model for the heat transfer of blast furnace cooling stave
Nonlinear regression model is designed to ﬁnd out the relationship model between the highest temperature of the hot
surface and the parameter of blast furnace cooling stave through the calculation of numerical simulation. As is well known,
the structure parameter of blast furnace stave is invariable. Parameters such as the temperature of stock gas, the thickness ofFig. 1. Schematic of intelligent monitoring.
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stave are variable. These changes will directly affect the accuracy of the quantitative calculation of simulation. Only the
velocity of water, the temperature of water, and the temperature of a measuring point can be measured on site, the other
parameters are unknown. However, there is a relationship between the temperature of a measuring point and these un-
known parameters. What is more, it is a positive relationship according to the numerical calculation discussed in the previ-
ous section. Therefore, the author has replaced the unfathomable parameters in the variable parameters with the parameter
of the measuring point temperature for simpliﬁcation. The non-linear relationship is as follows:Table 1
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In the equation, vw is the velocity of cooling water, m/s; Tw the is temperature of cooling water, C; Tb is the temperature of
measuring point, C; a, b, and c are dimensionless constants; Ttop is the maximum temperature of hot surface of blast furnace
stave, C; k is a constant and its dimension can be determined according to the value determination of a, b, and c. The result
of the calculation is processed as show in Table 1. By treating the result of the calculation with multiple-unit regression anal-
ysis method, it can be ﬁtted asTtop ¼ 1:1247v0:1072m T0:25297b T1:36299w : ð2Þ
Regression result and statistics data are shown in Table 2.
3.2. The form of the combination of the basic model and the artiﬁcial neural network
The combination of the intelligent simulation and traditional mathematical models reﬂects the combination of the mod-
ern approach and the traditional theory. This combination can obtain a better practical effect by making the two methods
complement each other. The basic idea of the combination of the basic model and the artiﬁcial neural networks is based
on the mathematical model, and the artiﬁcial neural network model as a compensatory part is used to modify the system
deviation between the mathematical model and the actual system.
The key to the method realization is the form of the combination of the mathematical model and the artiﬁcial neural net-
work model. In addition, the combination forms must be simple and easy to implement. According to Ref. [11], there is a way
as follows which are worth discussion.
In Fig. 2, the preliminary result of the maximum temperature of hot surface is calculated through a basic mathematical
model by inputting parameters, and the compensation temperature dT is obtained through the intelligent simulation model.ult of the calculation is represented by log linear trend.
ln Tb ln Tw ln Ttop
7121 1.30103 1.934498 2.487138375
7121 1.30103 1.838849 2.359835482
7121 1.477121 2.120574 2.691081492
7121 1.477121 1.973128 2.494154594
7121 1.477121 1.886491 2.371067862
7121 1.60206 2.082785 2.605305046
7121 1.60206 1.929419 2.380211242
7121 1.69897 2.167317 2.698100546
7121 1.69897 2.10721 2.609594409
7121 1.69897 2.041393 2.507855872
103 1.30103 2.037426 2.597695186
103 1.380211 1.838849 2.264817823
103 1.389166 1.880814 2.318063335
103 1.409933 1.892095 2.348304863
103 1.477121 1.897627 2.372912003
103 1.498311 2.123852 2.661812686
103 1.60206 2.155336 2.696356389
103 1.60206 1.939519 2.383815366
103 1.612784 2.30103 2.881954971
103 1.652246 2.389166 2.983626287
103 1.676694 2.39794 2.98811284
1.30103 2.079181 2.605305046
1.30103 1.892095 2.371067862
1.477121 2.170262 2.698100546
1.477121 2.021189 2.503790683
1.477121 1.929419 2.380211242
1.60206 2.187521 2.700703717
1.60206 2.045323 2.509202522
1.60206 1.963788 2.389166084
1.69897 2.143015 2.617000341
Table 2
Regression result and statistics data.
Value Standard error
Ttop Intercept 0.11756 0.03254
vm 0.1072 0.01196
Tb 0.25297 0.02126
Tw 1.36299 0.01889
Ttop
Statistics
Number of points 30
Degrees of freedom 26
Residual sum of squares 0.00393
Adj. R-square 0.99572
Basic Model 
Neural Network 
Input 
dT
'
topT
topT
Fig. 2. Basic combination form.
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of the two parameters. This above-mentioned combination form is simple, because no feedback and no iterative computa-
tions are required in the realization of the program. It is quite suitable for simulation object which has fewer input and out-
put parameters, especially for the on-line monitoring simulation of blast furnace stave on site.4. The calculation of system simulation example- intelligent simulation of blast furnace stave based on the parameter
modifying factor
By adopting formula (2) for the mathematical model, and by adopting the form of combination of the basic model and the
intelligent simulation model as shown in Fig. 2, the preliminary result is obtained through a mathematical model by input-
ting parameters, and a temperature correction factor dT is achieved through the intelligent simulation as well. The accuracy
of the correction factor directly affects that of the simulation model. The ﬁnal result of the simulation – the maximum tem-
perature of hot surface is obtained through the linear sum of the two parameters mentioned above.
The three-layer feed forward neural network is adopted for the artiﬁcial neural network. The structure of network is
shown in Fig. 3. Samples required by simulation are shown in Table 3. MATLAB is used for setting up, training and simulating
the network. After training, the weights are derived as below:Iwf1;1g ¼
0:19415 0:46328 0:064642
0:51647 0:35211 0:016871
0:68148 0:38582 0:016954
2
6664
3
7775; bf1g ¼
3:5337
9:3105
12:8692
2
64
3
75
Lwf2;1g ¼ 0:364 10:0232 8:8856½ ; bf2g ¼ ½0:1033:
In order to evaluate the performance of the network, the output of the network simulation can be compared with the
expected value of the sample. Fig. 4 shows the comparison of the correction factor educed from the difference between
the expected value of the sample and the calculation result of the mathematical model and the correction factor of networkFig. 3. Network structure.
Table 3
Training sample.
No. Factor
v (m/s) Tw (C) Tb (C) Ttop (C)
1 1 20 143 497
2 2 20 130 490
3 3 20 125 487
4 1 30 148 499
5 2 30 136 493
6 3 30 132 491
7 1 40 154 502
8 2 40 143 497
9 3 40 139 495
10 1 50 160 506
11 2 50 151 501
12 3 50 147 499
13 1 20 120 403
14 2 20 109 396
15 3 20 105 394
16 1 30 126 406
17 2 30 116 400
18 3 30 113 398
19 1 40 132 410
20 2 40 124 405
21 3 40 121 403
22 1 50 139 414
23 2 50 131 409
24 3 50 128 407
25 1 20 98 315
26 2 20 90 309
27 3 20 86 307
28 1 30 105 319
29 2 30 97 314
30 3 30 94 312
31 1 40 111 323
32 2 40 105 319
33 3 40 102 317
34 1 50 119 328
35 2 50 113 324
36 3 50 110 322
37 1 20 78 235
38 2 20 71 231
39 3 20 69 229
40 1 30 85 240
41 2 30 79 236
42 3 30 77 235
43 1 40 92 245
44 2 40 87 242
45 3 40 85 240
46 1 50 100 250
47 2 50 95 247
48 3 50 94 246
49 2 24 69 184
50 2 24.5 76 208
51 2 25.5 77 214
52 2 25.7 78 223
53 2 31.5 133 459
54 2 41 200 762
55 2 44.9 245 963
56 2 45.6 247 967
57 2 47.5 250 973
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test sample. The output of the network simulation matches quite well the expected value of the sample as shown in the two
ﬁgures. Thus the network proves effective.
In order to examine the accuracy of the artiﬁcial network, four groups of random data from the stave experiment are ex-
tracted for the simulation which follows the trained intelligent simulation network. Table 4 shows the comparison of the
simulated maximum temperature of hot surface and the temperature obtained from the experiment. These two tempera-
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Fig. 4. The compare of correction factor between the network simulation and the difference of expected value of the sample and the calculation result of the
mathematical model.
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Fig. 5. The comparison of maximum temperature of hot surface between simulation and sample.
Table 4
The compare of results between simulation and experiment.
Water speed
(m/s)
Water temperature
(C)
Measuring point temperature
(C)
Result of experiment
(C)
Output of intelligent simulation
(C)
Relative error
(%)
1.5 23 131 465 472 1.51
2.0 32.0 143 506 519 2.56
3.0 35 145 526 531 0.95
4.0 42 151 558 551 1.25
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and able to satisfy the requirement of on-line monitoring.
5. Experimental veriﬁcation of the intelligent simulation model
There is only a monitoring point on the stave and the velocity and temperature of cooling water are difﬁcult to real-time
be detected for the majority of currently blast furnaces. Under the circumstances of temperature uniform distribution of
stave hot surface, the non-linear relationship is as follows:Ttop ¼ 0:0075 T2b þ 4:2808 Tb  58:9323 ð3Þ
By adopting the form of combination of the basic model and the intelligent simulation model as shown in Fig. 2 and the
three-layer feed forward neural network is adopted for the artiﬁcial neural network, the weights are derived as below:
Table 5
The compare of results between intelligent simulation (only one monitoring point) and experiment.
Monitoring point temperature (C) Result of experiment (C) Output of intelligent simulation (C) Relative error (%)
36 88.3 87 1.5
43 107.9 108 0.1
48 129.1 128 0.8
58 165.9 167 0.7
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28:8904 32:0485
18:9566 20:7658
24:0774 21:7046
10:0139 7:6501
2
6664
3
7775; bf1g ¼
3:9899
0:8973
2:8501
24:5882
2
6664
3
7775
Lwf2;1g ¼ 0:7018 0:5642 1:4260 0:0378½ ; bf2g ¼ ½0:4301:
Table 5 shows the comparison of the simulated maximum temperature of hot surface and the temperature obtained from
the experiment. These two temperatures are well matched with the relative error less than 2%. Therefore the intelligent sim-
ulation (only one monitoring point) based on a model is able to satisfy the requirement of on-line monitoring.
6. Conclusion
(1) The numerical heat transfer model of blast furnace stave is complex, but the intelligent simulation model can reﬂect a
variety of complex objects in simple forms. In view of such characteristics, an intelligent simulation research of blast
furnace stave based on the heat transfer model is systematically proposed for the ﬁrst time. In the framework of this
research, the author probes into the basic form of several simple basic models derived from the classical heat transfer
model, and researches the forms that combine the basic model with the intelligent simulation.
(2) The method of hot surface temperature monitoring of cooling stave is proposed through experiment and theoretical
research and by comprehensively utilizing the heat transfer model and artiﬁcial neural network technology. Based on
the research of the intelligent monitoring method of the basic heat transfer model, by focusing the research on the
simulation of blast furnace cast steel cooling stave which is based on the parameter correction factors, an intelligent
simulation network with high precision and accuracy of temperature distribution on the hot surface of cooling stave is
established.
(3) The intelligent simulation software for on-line monitoring the status of blast furnace cooling stave is developed. This
software can monitor the status of the highest temperature on the hot surface of blast furnace cooling stave at any
time, and record the behavior of the hot surface temperature. It provides the theoretical and operational basis for
the blast furnace operator in dealing with possible dysfunctions of the blast furnace. The result of this research has
an important reference value for further research on blast furnace cooling stave and for the product development.
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